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changes	 in	 environmental	 conditions.	 These	 lineages	 can	 be	 used	 as	 intraspecific	
units	 for	conservation	to	enhance	assessments	 regarding	the	status	of	 threatened	
species.
Location: Europe	and	temperate	Asia	(latitude,	40–65°N;	longitude,	10°E–115°W).
Methods: We	genotyped	 93	 individuals	 from	 71	 populations	 at	 1,220	 loci	 (4,089	
SNPs)	across	the	Eurasian	distribution	of	P. farinosa.	We	used	phylogenomic	and	pop‐
ulation	structure	approaches	to	identify	intraspecific	lineages.	We	further	extracted	












1458  |     THEODORIDIS ET al.
1  | INTRODUC TION
Most	 of	 the	 fundamental	 questions	 in	 conservation	 biogeography	
require	 knowledge	 of	 the	 geographic	 distributions	 and	 ecologi‐
cal	niches	of	 individual	species	 (Riddle,	Ladle,	Lourie,	&	Whittaker,	
2011;	Whittaker	 et	 al.,	 2005).	 This	 knowledge	 is	 essential	 to	 bet‐
ter	 understand	 species	 responses	 in	 a	 rapidly	 changing	world	 and	
prevent	 the	 ever‐increasing	 loss	 of	 their	 diversity	 (Waldron	 et	 al.,	
2017).	However,	 conservation	 biologists	 and	 international	 efforts,	
such	as	the	Red	List	of	the	International	Union	for	Conservation	of	




protect	 both	 evolutionary	 history	 and	 ecological	 processes	 below	
the	species	level	(Faith	et	al.,	2010;	Moritz,	2002;	Palsbøll,	Bérubé,	
&	Allendorf,	2006).
Wide‐range	 species,	 particularly	 those	 with	 limited	 vagility	 or	
dispersal	 potential,	 often	 show	 strong	 phylogeographic	 structure	




display	 distinct	 ecological	 characteristics	 (Allendorf,	 Luikart,	 &	
Aitken,	2013).	Although	 intraspecific	 lineages	have	 long	been	 rec‐
ognized	as	 significant	units	 for	 conservation	 (Moritz,	1994;	Ryder,	
1986),	 relevant	 studies	 have	 focused	 more	 on	 the	 genetic	 (using	
mostly	 a	 few	neutral	markers)	 and	 less	on	 the	ecological	 (and	po‐






genetic	 and	 environmental	 data.	 Conservation	 studies	 integrating	




Characterization	of	 intraspecific	diversity	 is	often	 linked	to	the	























Assessment	 of	 environmental	 conditions	 across	 populations	
has	 traditionally	 relied	 on	 time‐consuming	 and	 costly	 field	 obser‐











servations	of	 the	earth's	 surface	 (i.e.,	 remote	 sensing)	or	 a	 combi‐
nation	of	 both	 (Franklin	 et	 al.,	 2017).	Additionally,	 remote‐sensing	




derived	 and	 remotely	 sensed	 environmental	 data	 can	 significantly	
enhance	 our	 ability	 to	 uncover	 and	 document	 diversity	 patterns,	
yet	studies	that	integrate	these	diverse	data	are	lacking	(Bush	et	al.,	
2017;	Yamasaki	et	al.,	2017).
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tic	 traits	 suggested	 that	P. farinosa	 is	 largely	 absent	 from	western	
and	central	Siberia,	where	 it	 is	replaced	by	closely	related	species,	
but	it	occurs	from	the	east	of	the	Altai	mountains	through	Mongolia	
to	 eastern	 Siberia	 and	 the	 Kamchatka	 peninsula	 (Fedorov,	 2001;	
Krasnoborov,	2000;	Richards,	2003;	Shishkin	&	Bobrov,	1952).	The	
species	shows	significant	variability	with	many	forms	and	interme‐






or	 lakes	at	altitudes	between	400	and	3,000	m	a.	s.	 l.	 in	southern	
Europe	 (Carpathians,	Alps,	 Iberia)	and	Mongolia,	while	 in	northern	
Europe	 (British	 Isles,	 Baltic	 region	 and	 southern	 Scandinavia)	 the	
species	grows	exclusively	 in	wetlands	between	0	and	400	m	a.s.l.	
(Figure	 1;	 Hambler	 &	 Dixon,	 2003;	 Richards,	 2003;	 Theodoridis,	




(Croatia:	 Topić	&	 Stančić,	 2006;	Ukraine:	Didukh,	 2009;	Hungary:	
Salamon‐Albert	 &	 Morschhauser,	 2003;	 Poland:	 Gajewski,	 Sitek,	
Stolarczyk,	 Nowak,	 &	 Kapała,	 2013;	 Denmark:	 Sørensen,	 Larsen,	








test	 for	 environmental	 correlates	 of	 intraspecific	 cryptic	 diversity	
F I G U R E  1  Sampling	localities	of	populations	of	Primula farinosa	across	its	Eurasian	range.	Altitude	is	indicated	by	colour	(purple	to	white)	
at	each	locality.	Pictures	represent	species	morphology	and	variation	of	habitat	type	in	four	distinct	geographic	regions




also	 extract	 statistically	 predicted	 and	 remotely	 sensed	 environ‐
mental	variables	to	approximate	the	biotic	and	abiotic	habitat	of	the	
species.	Finally,	we	test	for	significant	associations	between	genetic	
groups	 and	 environmental	 variables.	 By	 combining	 genomic	 with	
publicly	available	environmental	data,	we	aim	at	contributing	novel	







resenting	most	 genetic	 and	 ecogeographic	 variation	within	P. fari-




maximizing	 the	 total	 number	 of	 sequencing	 reads	 per	 individual).	
For	 its	Asian	distribution,	we	sampled	14	populations	 for	 the	 first	
time	 (two	 individuals	 per	population)	 across	Mongolia.	All	 popula‐
tions	were	sampled	during	the	springs	and	summers	of	2011,	2012,	





DNA	extraction	 and	 sequencing	 followed	 the	 approach	 described	















veris	 and	 the	 mitochondrial	 genome	 of	 Vaccinium macrocarpon 
(Ericaceae)	 using	 Stampy	 v1.0.28	 (Lunter	 &	 Goodson,	 2011)	 and	
applying	an	expected	divergence	from	the	reference	(substitution	
rate)	of	0.05	substitutions	per	site.	After	filtering,	our	final	data‐




quired	 a	minimum	coverage	 (m)	 of	 five	 identical	 reads	 per	 stack	
by	 allowing	 a	maximum	of	 two	 gaps	 (max_gaps)	 between	 reads;	
we	also	removed	stacks	with	coverage	of	more	than	two	standard	






2.3 | Phylogenomic inference and genetic structure
To	assess	intraspecific	genetic	structure	and	phylogenetic	relation‐
ships	 in	P. farinosa,	we	used	the	Variant	Call	Format	(VCF)	file	ex‐

















implemented in Iq‐tree	 (Nguyen,	 Schmidt,	 von	 Haeseler,	 &	Minh,	




Genetic	 structure	 was	 inferred	 using	 the	 variational	 Bayesian	
framework	 implemented	 in	 the	 software	 faStStructure	 (Raj,	
Stephens,	&	Pritchard,	2014).	Since	faStStructure	assumes	that	the	
investigated	 loci	 are	 unlinked,	 we	 selected	 one	 random	 SNP	 per	
locus	and	repeated	this	analysis	20	times	to	account	for	the	stochas‐
ticity	stemming	from	the	random	choice	of	SNPs	(Theodoridis	et	al.,	
2017).	After	 filtering,	 the	20	 final	data	matrices	each	consisted	of	
1,220	randomly	chosen	SNPs.	We	ran	the	analyses	for	numbers	of	
groups,	K,	 ranging	 from	1	 to	10	and	 further	 applied	 the	 chooseK.
py	program	to	estimate	the	most	likely	number	of	K. For the K val‐
ues	that	best	explained	our	data,	the	results	of	the	20	randomly	se‐
lected	SNP	replicates	were	combined	using	the	“greedy”	algorithm	












To	 approximate	 the	 type	of	 biotic	 environments	 across	P. farinosa 
populations,	we	 used	 the	Global	 Consensus	 Land	Cover	 database	
(Tuanmu	&	Jetz,	2014)	that	provides	information	on	the	prevalence	
of	 12	 land	 cover	 (including	 land	 use)	 classes	 at	 1‐km	 resolution	
(http://www.earth	env.org/landc	over.html).	 We	 extracted	 preva‐
lence	 values	 for	 all	 classes	 and	 populations	 and	 further	 excluded	




regularly	 flooded	 vegetation,	 snow/ice,	 barren,	 open	 water.	 We	
subsequently	reduced	the	dimensions	of	the	dataset	by	performing	
principal	 components	 analysis	 (PCA)	 implemented	 in	 the	 package	
matplotlIb	(Hunter,	2007)	in	Python.
2.5 | Abiotic environment
We	 approximated	 the	 abiotic	 conditions	 of	P. farinosa	 populations	
using	soil,	precipitation	and	temperature	variables	obtained	from	two	







ponents	 analysis	 as	 described	 above	 (see	 Biotic	 environment	 sec‐
tion).	The	individual	abiotic	variables	are	described	below.
2.5.1 | Soil attributes
We	 characterized	 soil	 attributes	 using	 six	 soil	 variables	 obtained	
from	the	web‐based	global	soil	information	system	(SoilGrids;	https	
://soilg	rids.org)	made	 available	by	 the	 International	 Soil	 Reference	




population,	 we	 extracted	 information	 on	 the	 following	 variables:	
Predicted	most	probable	class	following	the	World	Reference	Base	
(predClass),	 soil	 pH	 in	H2O	at	0	 cm	 (pH1),	 soil	 pH	 in	H2O at 5 cm 
(pH2),	 absolute	 depth	 to	 bedrock	 (absDepth),	 soil	 organic	 carbon	
content	at	0	cm	(carbCont1)	and	soil	organic	carbon	content	at	5	cm	
(carbCont2).
2.5.2 | Temperature and precipitation (CHELSA)
Precipitation	and	temperature	at	2	m	above	ground	for	each	sam‐
pled	population	were	obtained	from	CHELSA	(Climatologies	at	high	
resolution	 for	 the	 earth's	 land	 surface	 areas;	 http://chelsa‐clima	
te.org/)	at	30	arc sec	(c.	~1	km	on	the	equator)	resolution	(Karger	et	
al.,	2017).	CHELSA	includes	monthly	(mean,	maximum	and	minimum)	
temperature	 and	precipitation	patterns	 for	 the	 time	period	1979–
2013	 derived	 by	 downscaling	 the	model	 output	 temperature	 and	
precipitation	 estimates	 of	 the	ERA‐Interim	 climatic	 reanalysis	 (i.e.,	
downscaled	 global	 reanalysis	 data;	 Karger	 et	 al.,	 2017).	 Using	 the	
monthly	temperature	and	precipitation	values,	we	generated	the	fol‐
lowing	set	of	seven	climatic	variables	that	describe	annual	and	grow‐
ing	 season	 climate	 trends	 for	 the	 sampled	 populations:	 minimum	
temperature	of	growing	season	(tminGrow),	maximum	temperature	
of	 growing	 season	 (tmaxGrow),	 average	 temperature	 range	during	






In	 addition	 to	 the	 CHELSA	 temperature	 data,	 we	 obtained	 land	
surface	 (0	m	above	ground)	 temperature	derived	 from	 thermal	 in‐
frared	 measurements	 of	 the	 NASA	Moderate	 Resolution	 Imaging	
Spectroradiometer	 (MODIS)	 onboard	 the	 Terra	 and	 Aqua	 Earth	







(March–September)	 using	 the	 pymodIS v2.0.9	 (http://www.pymod	
is.org/)	 and	 choroSpy	 v0.1	 (https	://github.com/spyro	stheo	dorid	is/
chorospy)	packages	in	Python.	We	then	merged	the	data	from	both	




2.6 | Niche overlap and niche similarity tests
To	 assess	 ecological	 differentiation	 within	 P. farinosa,	 we	 quanti‐
fied	climatic	niche	differences	among	the	identified	genetic	groups	
using	 the	 approach	 described	 by	 Broennimann	 et	 al.	 (2012)	 in	
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two‐dimensional	environmental	space	(PCA;	see	also	Theodoridis	et	
al.,	2013).	We	first	calculated	niche	overlap	between	genetic	groups	




al.,	 2018)	 and	 tested	whether	 the	 ecological	 niches	 of	 the	 groups	
tend	 to	be	more	similar	 to	each	other	 than	would	be	expected	by	
chance	 using	 background	 (or	 niche)	 similarity	 tests	 (Broennimann	








egories,	 the	soil	variables	 (and	 the	CHELSA	precipitation	variables	





2.7 | Isolation by distance and ancestry/
environment associations
We	evaluated	the	role	of	geographic	distance	in	explaining	the	ge‐
netic	 divergence	 across	 all	 sampled	 Eurasian	 populations	 of	P. fa-
rinosa.	 We	 calculated	 pairwise	 genetic	 distances	 as	 the	 average	
nucleotide	 differences	 between	 populations	 across	 all	 SNPs.	 For	
each	considered	SNP	that	was	sampled	 in	both	populations	under	
any	pairwise	comparison,	we	assigned	a	distance	of	1	when	popu‐




scikit‐bio	 v0.5.5	 (http://scikit‐bio.org/)	 library	 in	 Python	 using	 the	
log‐transformed	geographic	and	genetic	distances	and	the	Pearson	





We	 further	 tested	 whether	 the	 observed	 variation	 in	 biotic	
and	abiotic	environmental	variables	among	populations	could	be	
explained	 by	 the	 ancestry	 profile	 (i.e.,	 ancestry	 probabilities)	 of	
each	 individual.	 Significant	 ancestry/environment	 associations	
would	be	indicative	of	distinct	environmental	niches	for	each	in‐
dividual	or	group	of	 individuals	with	similar	ancestry	profiles.	To	

















els	were	 fitted	using	 the	 “lm”	and	 “glm”	 functions	 in	R	version	3.4.0	
(R	Development	Core	Team,	2017),	 respectively.	To	 further	 test	 the	
adequacy	of	linear	models	in	explaining	environmental	variation	across	




3.1 | Phylogenomic inference and genetic structure
Phylogenomic	analyses	revealed	four	major	clans/groups	(terminol‐
ogy	for	unrooted	trees	follows	Wilkinson,	McInerney,	Hirt,	Foster,	







major	geographic	clades	 reported	 in	previous	studies	 (Theodoridis	
et	al.,	2018,	2017),	namely	the	Carpathian,	the	Iberian	and	the	cen‐
tral‐northern	European	clade.	The	 results	of	 the	genetic	 structure	
analyses	are	 largely	 consistent	with	 those	obtained	 from	 the	phy‐
logenomic	analyses	(Figure	2).	Specifically,	for	ten	out	of	the	20	SNP	
replicates,	 the	chooseK.py	program	assigned	all	 individuals	 to	 five	
groups	 (K = 5),	while	 nine	 fastStructure	 replicates	 supported	 four	
groups	 and	 only	 one	 replicate	 supported	 three	 ancestral	 groups.	
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Iberia CN Europe Carpathians Balkans C Mongolia Altai
Iberia – 0.048 0.098 0.483 0.386 0.458
CN	Europe – – 0.076 0.463 0.37 0.44
Carpathians – – – 0.466 0.367 0.442
Balkans 0.457 – 0.443 0.517
C	Mongolia 0.362 – – 0.381
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tion	 or	 land	 that	 is	mostly	 barren	 or	 snow‐covered	 (Figure	 3a).	 In	
contrast,	 the	 European	 populations,	 especially	 those	 that	 belong	
to	 the	central‐northern	European	group,	 appear	 to	occupy	a	wide	
range	of	land	cover	classes,	from	tree	dominated	land	to	land	that	is	
mainly	cultivated	or	managed	(Figure	3a).	In	the	abiotic	PCA	space,	
populations	 that	 belong	 to	 the	 same	 clan/group	 (i.e.,	 share	 similar	
ancestry	 profiles)	 appear	 to	 grow	 under	 similar	 abiotic	 conditions	
(Figure	3b,c).	Specifically,	 in	both	abiotic	datasets,	 that	 is	CHELSA	
(global	 reanalysis	 temperature	data)	 and	MODIS	 (remotely	 sensed	
temperature	 data),	 the	 Altai	 populations	 experience	 much	 lower	
temperatures	and	wider	temperature	fluctuations	during	the	grow‐





Niche	 overlap	 (Schoener's	 D)	 was	 generally	 slightly	 higher	 in	
biotic	 space	 across	 all	 lineage	 pairwise	 comparisons,	 compared	 to	




3.3 | Isolation by distance and ancestry/
environment associations
The	 Pearson	 correlation	 coefficient	 between	 the	 log‐transformed	







In	 general,	 the	 results	 of	 the	 multiple	 regressions	 indicated	
significant	 associations	 between	 individual	 ancestry	 propor‐
tions	 and	 environment	 (i.e.,	 PCA	 axes),	 with	 varying	 degrees	 of	
fit	across	datasets,	number	of	groups	(K)	and	PCA	axes	(Table	3).	
The	 first	 PCA	 axis	 in	 both	 abiotic	 datasets,	 that	 is	 CHELSA	 and	




a	 slightly	 better	 fit	 (AIC	 =	 240.71	 and	AIC	 =	 239.43	 for	MODIS	





D p (1‐2) p (2‐1) D p (1‐2) p (2‐1) D p (1‐2) p (2‐1)
Altai—Balkans 0.001 0.071 0.281 0 1 1 0 1 1
Altai—Carpathians 0 1 1 0 1 1 0 1 1
Altai—C	Mongolia 0.0001 0.546 0.322 0 1 1 0 1 1
Altai—CN	Europe 0.0025 0.233 0.557 0 1 1 1.11e−16 0.082 0.357
Altai—Iberia 0 1 1 0 1 1 0 1 1
Balkans—Carpathians 0.0007 0.208 0.906 0 1 1 0 1 1
Balkans—C	Mongolia 0.0298 0.455 0.605 0 1 1 0 1 1
Balkans—CN	Europe 0.107 0.402 0.351 0.0086 0.118 0.638 0.06 0.106 0.568
Balkans—Iberia 0.0004 0.561 0.855 0.3746 0.01 0.057 0.18 0.231 0.171
Carpathians—C	
Mongolia
0.175 0.056 0.147 0 1 1 0 1 1
Carpathians—CN	Europe 0.1486 0.035 0.08 0.0363 0.236 0.307 0.3415 0.011 0.027
Carpathians—Iberia 0.218 0.06 0.18 0 1 1 0.0007 0.737 0.662
C	Mongolia—CN	Europe 0.07 0.072 0.231 0.0179 0.232 0.346 0.0586 0.165 0.092
C	Mongolia—Iberia 0.2269 0.116 0.176 0 1 1 0.2298 0.082 0.137
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and	CHELSA	respectively)	compared	to	the	quadratic	polynomial	
model	 (AIC	=	241.77	and	AIC	=	243.46;	Table	3).	Coefficients	of	
determination	 were	 also	 significant	 for	 the	 second	 PCA	 axis	 of	
both	abiotic	datasets	(mostly	representing	soil	pH	and	annual	and	




classes),	 with	much	 lower	 degrees	 of	 fit,	 however,	 compared	 to	
the	abiotic	datasets	(adj.	r2	=	0.1727	for	K = 4 and adj. r 2	=	0.2747	
for	K = 5),	and	significant	residual	spatial	autocorrelation	(Moran's	
I	 =	 0.32	 for	K = 4	 and	Moran's	 I	 =	 0.22	 for	K = 5).	Overall,	 the	
abiotic/MODIS	dataset	showed	the	best	linear	fit	with	no	signifi‐
cant	spatial	autocorrelation	in	residuals	across	the	top	explanatory	







ticularly	 in	 taxa	with	 little	or	uninformative	morphological	variation.	
Here,	we	conducted	field	work	and	took	advantage	of	high‐through‐
put	 sequencing	 technologies	 and	 publicly	 available	 environmental	
data	 to	 address	 the	 above	 two	 objectives	 in	 the	 cold‐adapted	 and	
threatened plant P. farinosa.	We	identified	six	major	genetic	lineages	
across	 its	Eurasian	distribution	corresponding	to	distinct	geographic	
regions	and	found	significant	associations	between	these	lineages	and	







is	widespread	 in	 Europe	 and	 temperate	Asia.	However,	 the	 spe‐
cies	 is	threatened	or	extinct	 in	many	European	countries,	mainly	




red	 lists.	 It	 suffers	 from	 grazing	 and	 lack	 of	 management	 in	 its	
grassland	 habitats.	 However,	 the	 species	 is	 still	 widespread	 and	
unlikely	to	severely	decline	in	the	near	future	towards	extinction.	
More	 information	 on	 the	 current	 population	 size,	 trend	 and	 the	
overall	rate	of	decline	is	needed	to	review	whether	it	would	qualify	
for	threatened	under	Criterion	A.”	From	this	report,	it	is	clear	that	
by	 considering	P. farinosa	 as	 a	widespread	 species,	 local	 extinc‐
tions	 are	 overlooked	 because	 of	 its	 relative	 abundance	 globally.	
The	countries	where	the	species	has	already	gone	extinct	or	dis‐
plays	the	most	severe	declines	are	Hungary,	Poland,	Slovakia	and	








F I G U R E  4  Correlations	(Pearson's	r)	between	geographic	distance	(log‐transformed	km)	and	genetic	distance	(log‐transformed	average	
nucleotide	differences)	between	all	sampled	Eurasian	populations	(a)	and	only	the	European	populations	(b).	Significance	was	assessed	using	
Mantel	test	(p	<	0.001	in	both	cases)









use	of	a	 few	 loci	 to	estimate	evolutionary	 relationships	or	genetic	
distances	 among	 populations	 within	 nominal	 species	 (Fišer	 et	 al.,	
2018).	 Despite	 the	 rapid	 progress	 in	 high‐throughput	 sequencing	
technologies	 in	the	 last	decade,	studies	that	harness	the	power	of	









(Table	3).	 Specifically,	we	uncovered	 strong	 relationships	between	
TA B L E  3  Statistical	relationships	between	genetic	structure	(ancestry;	see	Figure	2b)	of	the	studied	populations	and	the	first	three	PCA	
axes	in	their	biotic	(land	cover	classes)	and	abiotic	(climate	and	soil	characteristics)	environmental	space




PC1 0.2082**  0.1727 257.82 252.09 0.32*** 
PC2 0.0379 −0.0051 244.04 237.13 0.16
PC3 0.0914 0.0507 213.89 216.56 0.16
K = 5
PC1 0.3161***  0.2747 249.41 255.77 0.22** 
PC2 0.1179 0.0643 239.88 237.66 0.1




PC1 0.556***  0.5362 251.86 240.63 0.22* 
PC2 0.1106*  0.0707 293.09 274.05 0.4*** 
PC3 0.0599 0.0179 269.47 257.03 0.63*** 
K = 5
PC1 0.6377***  0.6157 239.43 243.46 0.08
PC2 0.3348***  0.2945 274.46 277.11 0.23** 
PC3 0.0858 0.0304 269.49 259.01 0.64*** 
Soil,	precipitation,	temperature	(MODIS)
K = 4
PC1 0.5922***  0.5725 246.88 239.23 0.14
PC2 0.0131*  0.0889 268.57 250.19 0.29*** 
PC3 0.009 −0.038 224.38 220.55 0.73*** 
K = 5
PC1 0.6397***  0.616 240.71 241.77 0.05
PC2 0.365***  0.323 249.86 252.14 0.08
PC3 0.015 −0.049 226.01 222.5 0.73*** 
Note: r2:	coefficient	of	determination	obtained	using	a	linear	model	and	significance	level	(asterisks);	Moran's	I:	residual	spatial	autocorrelation	for	the	
linear	models	and	significance	level	(asterisks);	Linear	and	polynomial	models	were	fitted	using	the	results	of	the	fastStructure	analysis	(i.e.,	ancestry	
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compared	 to	 the	 abiotic/CHELSA	 dataset	 (Table	 3).	 This	 result	






populations	 is	 neutral	 or	 adaptive,	 our	 IBD	 results	 (Figure	 4)	 and	
the	ancestry/environment	associations	 (Table	3)	 suggest	 that	geo‐
graphic	isolation	alone	cannot	explain	the	observed	differentiation,	















niche	 similarities	 were	 detected	 (Table	 2).	 Additionally,	 we	 found	
weak	 relationships	 between	 individual	 ancestry	 profiles	 and	 their	
occupied	biotic	space	(adj.	r2	=	0.1727	for	K = 4 and adj. r2	=	0.2747	
for	K = 5;	Table	3),	indicative	of	the	low	variation	in	biotic	conditions,	
that	is	land	cover	types,	across	lineages,	despite	the	long	branches	
separating	 them	 (Figure	2a).	Although	we	used	a	 relatively	 coarse	
resolution	land	cover	dataset	(~1	km),	these	results	may	explain	the	
lack	of	morphological	disparity	across	the	Eurasian	lineages,	adding	




to	 be	 a	matter	 of	 debate,	 recent	 views	have	 focused	on	 the	 inte‐
gration	of	various	criteria,	including	intrinsic	reproductive	isolation,	
morphological	 diagnosability,	 monophyly	 and	 distinct	 ecological	
niches	 (Freudenstein	 et	 al.,	 2017;	 De	Queiroz,	 2007).	 Our	 results	
address	the	last	two	criteria	by	revealing	strong	ecological	and	evo‐
lutionary	differentiation	among	the	six	P. farinosa	lineages,	although	
Nei's	 standard	genetic	distances	between	 these	 lineages	 (Table	1)	
fall	within	the	range	of	values	previously	reported	for	intraspecific	








Identifying	 discrete	 biological	 units	within	 threatened	 species	 has	
important	 implications	 for	 conservation.	 Conservation	 guidelines	
rely	mainly	on	traditional	taxonomic	characters	 in	defining	conser‐
vation	 units	 or	 species.	However,	 under	 this	 approach,	 significant	
cryptic	diversity	may	go	undetected	and	often	extinct.	 Integrative	
approaches	that	combine	genome‐wide	data	with	easily	accessible	
environmental	 information	 can	 provide	 unprecedented	 resolution	
below	the	species	level	and	significantly	help	conservation	agencies	
in	 their	 assessments.	Our	 study	 demonstrates	 the	 utility	 of	 these	
data	 in	the	cold‐adapted	and	threatened	P. farinosa	 for	uncovering	
cryptic	 genetic	 diversity	 and	 its	 environmental	 correlates	 and	 fur‐
ther	underlines	 the	need	 for	bringing	 together	principles	 from	the	
fields	of	ecology	and	evolution	in	conservation	planning.
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